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Abstract

In thispaperwestudytheproblemof classifyingchemicalcompounddatasets.Wepresentanalgorithmthatfirst
minesthechemicalcompounddatasetto discover discriminatingsub-structures;thesediscriminatingsub-structures
areusedasfeaturesto build a powerful classifier. The advantageof our classificationtechniqueis that it requires
very little domainknowledgeandcaneasilyhandlelarge chemicaldatasets.We evaluatedthe performanceof our
classifieron two widely availablechemicalcompounddatasetsandhave foundit to givegoodresults.

Keywords: Classification,Graphs,ChemicalStructures,SVM

1 Intr oduction

Thereis agreatneedto developreliablecomputationaltechniques(in silico), basedonclassification,thatcanquickly
screenthousandsof compoundsandidentify thecompoundsthatdisplaythehighestlevelsof thedesiredproperty. For
example,identifyingpotentiallytoxic compoundsor compoundsthatcaninhibit theactivesitesof virusesin theearly
phaseof drugdiscovery is becominganappealingstrategy with pharmaceuticalcompanies[9]. However individually
determiningthe suitability of a chemicalcompoundto a particularbiological stateis not a very viable solution—
mainly for two reasons.First, thenumberof chemicalcompoundsin therepositoryandthosethatcanbegeneratedby
combinatorialchemistryis extremelylarge. Second,experimentallydeterminingthesuitability of a compoundusing
bio-assays(in vivo) techniquesis anexpensiveandtimeconsumingprocess.

One of the key challengesin developingclassificationtechniquesfor chemicalcompoundsstemsfrom the fact
thattheir propertiesarestronglyrelatedto their chemicalstructure.However, traditionalmachinelearningtechniques
aresuitedto handledatasetsrepresentedby multidimensionalvectorsor sequences,andcannot handletherelational
natureof thechemicalstructures.

In recentyearsanumberof techniqueshavebeenproposedfor classifyingchemicalcompounds.Thesetechniques
canbebroadlycategorizedinto two groups.Thefirst groupconsistsof techniquesthatrely mainly on variousglobal
propertiesof thechemicalcompounds,suchasmolecularweight, ionizationpotential,inter-atomicdistanceetc., for
capturingthe structuralpropertiesof the compounds.Sincethis informationis not relational,existing classification
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techniquescanbeeasilyusedon thesedatasets.However, theabsenceof actualstructuralinformationlimits theaccu-
racy of suchclassifiers[17]. Thesecondgroupof techniquesdirectlyanalyzethestructureof thechemicalcompounds
to identify patternsthatcanbeusedfor classification[6, 19, 11, 10, 13,2]. Oneof theearlieststudiesin discovering
sub-structureswascarriedout by Dehaspeet al [6], in which Inductive Logic Programming(ILP)techniqueswere
used,thoughthisapproachis quitepowerful it is notdesignedto scaleto largegraphdatabaseshencemaynotbeable
to handlelargechemicalcompounddatabases.A numberof recentapproachesfocuseson analyzingthe(geometric)
graphrepresentationof thechemicalcompounds,to identify frequentlyoccurringpatterns,andusethesepatternsto
aid in theclassification.Wangetal[19] developedanalgorithmto find frequentlyoccurringblocks in thegeometric
representationof proteinmoleculesandshowed that theseblockscanbe usedfor classification.Inikuchi etal [11]
developedan algorithmto find all frequentlyoccurring inducedsubgraphsandpresentedsomeevidencethat such
subgraphscanbeusedto featuresfor futureclassification.Similarly, Gonzalezet al[10] usedtheSUBDUE[4] system
to find frequentlyoccurringapproximategraphs;however, they reportednoresultregardingthesuccessof usingthese
subgraphsfor classification.Finally, Krameretal[13] usedtheSMILES[5] representationof thechemicalcompounds
to find a restrictedsetof molecular fragmentsandshowed that even that restrictedsetof sub-structureswasableto
providesomedifferentiationbetweenthevariousclasses.

Our work builds upon the earlier researchon using substructurediscovery methodsto aid in the classification
of chemicalcompoundsandextendsit in two significantdirections. First, it usesthe mostgenericdescriptionof a
substructure—thatof a connectedsubgraph,andemploys a highly efficient frequentsubgraphdiscovery algorithm
to find the completesetof subgraphsthat occur in a non-trivial fraction of the compounds.Second,it usesthese
structuresto developgeneralpurposeclassifiersusingstate-of-the-artmachinelearningtechniquessuchasrulesand
supportvectormachines.Key advantagesof ourapproacharethatit is generic,requiresvery little domainknowledge,
andcaneasilyscaleto extremelylargedatasets.

We evaluatedtheperformanceof ourclassificationapproachusingtwo publicly availabledatasets.Thefirst dataset
waspublishedby the NationalToxicity Programof the U.S. National Institute for EnvironmentalHealthSciences,
it containsthebio-assaysof differentchemicalcompoundson rodentsto studythecarcinogencity(cancerinducing)
of thecompounds.Theultimategoalbeingto estimatethecarcinogenicityof differentcompoundson humans.The
seconddatasetis publishedby the NationalCancerInstituteandcontainsthe resultsof AIDS anti-viral screen,that
wasdevelopedto discover new compoundscapableof inhibiting the HIV virus. The AIDS anti-viral screenusesa
solubleformazanassayto measuretheprotectionof humanCEM cellsfrom HIV-1 infection[8]. Thegoalof thefirst
datasetis to discovercarcinogeniccompounds,whereasfor theseconddatasetthegoalis to discovercompoundsthat
inhibit theHIV virus.

Our experimentalresultsshowed that our classifieroutperformsthe contestantsof Predictive Toxicology Chal-
lenge[17] on twoout of four models,andon theAIDS anti-viral screendatasettheclassifierhasa high truepositive
rate.

The restof thepaperis organizedasfollows, in Section2 we discusssomebackgroundon chemicalcompounds
andweformulatethechemicalcompoundclassificationproblemandpresenttheterminology. In Section3 wediscuss
in the detail the classificationmethodology, followed by Section4 that experimentallyevaluatesthe classification
schemes.Finally, in Section5 wepresenttheconclusionsandfuturework.

2 Problem Form ulation & Terminology

Thefocusof thispaperis to developclassificationtechniquesthatwill correctlyclassifydatasetsconsistingof chemical
compounds.Theinputto thisproblemis asetof chemicalcompoundswith known classlabelsandthegoalis to build a
modelthatcancorrectlypredicttheclassesof previouslyunclassifiedcompounds.Themeaningof thevariousclasses
is applicationdependent.In someapplications,the classeswill capturethe extent to which a particularcompound
is toxic, whereasin otherapplicationsthey may capturethe extent to which a compoundcaninhibit (or enhance)a
particularfactorand/oractivesite.

In mostapplicationseachof thecompoundsis assignedto only oneof two classes,thatarecommonlyreferredto
asthepositiveandnegativeclass.Thepositive classcorrespondsto compoundsthatexhibit thepropertyin question,
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whereasthe compoundsof the negative classdo not. It is quite expensive and time consumingto experimentally
determinetheclassof thevariouscompounds;thus,thedevelopmentof accurateclassificationtechniquescangreatly
improve thespeedandefficiency of theoverall process.

Nature of Chemical Datasets A chemicalcompoundconsistsof differentatomsbeingheldtogethervia bonds
adoptingawell-definedgeometricconfiguration.Figure1(a)representsthechemicalcompoundFlucytosinefrom the
DTPAIDS repository [8] it consistsof acentralbenzenering andotherelementslike N, O andF.

Therearemany differentwaysto representsuchchemicalcompounds.Thesimplestrepresentationis themolec-
ular formula that lists the variousmoleculesmaking up the compound;the molecularformula for Flucytosineis
C4H4FN3O. A moresophisticatedrepresentationcanbe achieved usingthe SMILES [5] representation,it not only
representstheatomsbut alsorepresentsthebondsbetweendifferentatoms.TheSMILES representationfor Flucyto-
sineis Nc1nc(O)ncc1F.

In additionto thesetopologicalrepresentations,theactual3D coordinatesof thevariousatomscanalsobesupplied.
However, thesecoordinatesarehardto obtainexperimentallyandin somecasesnot feasible astheactualcompounds
correspondto not yet synthesizedchemicalmolecules.For this reason,coordinateinformationis usuallyobtainedvia
moleculardynamicsimulationsthattry to find thelowestenergy conformation,andmaybeinaccurate.

Graph Representation of Chemical Compounds Theactivity of acompoundlargelydependsonits chemical
structure.As aresult,effectiveclassificationalgorithmsmustbeableto directly take into accountthestructuralnature
of thesedatasets.

In this paper, in order to facilitate this requirement,we representeachcompoundas undirected(topological)
graphs1. The verticesof thesegraphscorrespondto the variousatoms,andthe edgescorrespondto the bondsbe-
tweenthe atoms. Eachoneof the verticesandedgesof hasa label associatedwith it. The labelson the vertices
correspondto thetypeof atoms,andthelabelson theedgescorrespondto thetypeof bond.Thegraphrepresentation
of Flucytosineis shown in Figure1(b).

Formally, a topologicalgraphG 798 V : E ; is madeof two sets,thesetof verticesV andthesetof edgesE. Each
edgeitself is a pair of vertices.Throughoutthis paperwe assumethat the graphis undirected,i.e., eachedgeis an
unorderedpair of vertices.Furthermore,we will assumethat thegraphis labeled. That is, eachvertex andedgehas
a labelassociatedwith it that is drawn from a predefinedsetof vertex-labels(LV ) andedge-labels(L E). Eachvertex
(or edge)of thegraphis not requiredto have auniquelabelandthesamelabelcanbeassignedto many vertices(or
edges)in thesamegraph.For example,in Figure1 thevertex-labelC appearsfour timesin thegraph.Through-out
thepaperweassumethateachchemicalcompoundhasbeentransformedinto its topologicalgraphrepresentation.

Also, wewill beusingthenotionsof connected(induced)sub-graphswhicharebriefly definedasfollows. Givena
graphG 7<8 V : E ; , a graphGs 7<8 Vs : Es ; will bea subgraphof G if andonly if Vs = V andEs = E. Also, Gs will

1Notethatfor thepurposeof thisstudywedonotconsiderany availablegeometricinformation,but weplanto exploreits utility in laterstudies.
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be aninducedsubgraphof G if Vs = V andEs containsall theedgesof E thatconnectverticesin Vs. Anotherway
to sayis thatthesubgraphGs is containedin thegraphG.

3 Classification Methodology

The overall outline of our approachis shown in Figure2. Initially, eachof the chemicalcompoundsis represented
usinga graph(following the modeldescribedin Section2). Then,a frequentsubgraphdiscovery algorithmis used
to mine thesegraphsand find all subgraphsthat occur in a non-trivial fraction of the compounds.Eachof these
subgraphsthenbecomesa candidatefeature,andvariousfeatureselectionalgorithmsareusedto obtaina smallerset
of discriminatoryandnon-redundantfeatures.Theremainingsubgraphsarethenusedto createa featurespacesuch
thateachof theselectedfeaturecorrespondsto a dimension,andeachcompoundis representedasa booleanvector
basedon theparticularsetof features(i.e., subgraphs)that it contains.Finally, thesefeaturevectorrepresentationof
thechemicalcompoundsaresuppliedinto theclassifierto learntheappropriateclassificationmodel.

Ourapproachsharessomeof thecharacteristicswith earlierapproachesfor chemicalcompoundclassificationbased
on substructurediscovery [19, 2], but it hasa numberof inherentadvantages.First, unlike previousapproachesthat
usedrestricteddefinitionsof whatconstitutesa substructure(e.g., inducedsubgraphs[11], or blocks [19]), we use
themostgenericmodelpossiblethatof connectedsubgraphs.Moreover, unlike theapproachesbasedonapproximate
matching[4], the structurediscovery algorithmthat we useis guaranteedto find all subgraphsthat satisfythe user-
suppliedminimum supportconstraint.Consequently, our approachcanbe usedto mine chemicalcompoundswith
very little domainknowledge. Second,our approachdecouplesthe processesof featurediscovery from the actual
classificationprocess,andcanbeusedwith any existing (andfuturedeveloped)classificationalgorithm.Third, since
theclassifieris built on thetransformedfeature-space,theabove approachcaneasilyincorporateany additionalnon-
graphicalfeaturesthat may be availablefor the compoundssuchasmolecularweight, surfacearea,etc., by simply
addingthemasadditionaldimensionsin thefeature-space.

In the restof this sectionwe describein detail the approachesandalgorithmsthat we usedfor finding frequent
subgraphsandbuilding the classificationmodels.Due to spaceconstraintswe did not includeany discussionabout
featureselection.This taskis to a largeextentdomainindependentandthereadershouldreferto [7] for a discussion
of thevariousoptions.

3.1 Disco very of Frequent Subgraphs

To minethedatabaseof chemicalcompoundsanddiscover thesub-structuresthatoccurfrequentlyin them,we used
the frequentsubgraphdiscovery algorithm,calledFSG, thatwasrecentlydevelopedby membersof our group[14].
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FSG takes asinputadatabaseD of graphtransactionsthatarespecifiedusingthegraphmodeldescribedin Section2,
anda minimumsupportJ , andfindsall connectedsubgraphsthatoccurin at leastJ % of thetransactions.

Therearethreeimportantaspectsof thesubgraphsdiscoveredby FSG. Thefirst hasto dowith thefactthatweare
only interestedin subgraphsthatareconnected.This is motivatedby thefactthattheresultingfrequentsubgraphswill
beencapsulatingachemical-substructureandconnectivity is anaturalpropertyof suchpatterns.Thesecondhasto do
with thefactthatasdiscussedin Section2 weuselabeledgraphs,andeachgraph(anddiscoveredpattern)cancontain
verticesand/oredgeswith thesamelabel. This greatlyincreasesour modelingability, asit allow us tofind patterns
containingmultipleoccurrencesof thesameatom(s)andbond(s).Finally, thethird hasto do with thefactthatweare
only interestedin subgraphsthatoccurin at leastJ % of thetransactions.This ensuresthat thediscoveredsubgraphs
arestatisticallysignificantandnot spurious.Furthermore,this minimumsupportconstraintalsohelpsin makingthe
problemof frequentsubgraphdiscoverycomputationallytractable.

FSG’s frequentsubgraphdiscovery strategy usesthe samelevel-by-level approachadoptedin the well-known
Apriori [1] algorithmfor findingfrequentitemsets.Thehighlevel structureof thealgorithmis shown in Algorithm 3.1.
Edgesin thealgorithmcorrespondto itemsin traditionalfrequentitemsetdiscovery. As theseaprioribasedalgorithms
increasethesize offrequentitemsetsby addinga singleitem at a time, our algorithmincreasesthe size offrequent
subgraphsby addinganedgeone-by-one.FSG initially enumeratesall the frequentsingleanddoubleedgegraphs.
Then,basedon thosetwo sets,it startsthemaincomputationalloop. During eachiterationit first generatescandidate
subgraphswhosesizeis greaterthanthepreviousfrequentonesby oneedge(Line 5 of Algorithm 3.1).Next, it counts
thefrequency for eachof thesecandidates,andprunessubgraphsthatdo nosatisfythesupportconstrain(Lines7–11).
Discoveredfrequentsubgraphssatisfy the downward closurepropertyof the supportcondition,which allows us to
effectively prunethelatticeof frequentsubgraphs.

Algorithm 3.1 fsg8 D :KJI; (FrequentSubgraph)

1: F1 L detectall frequent1-subgraphsin D
2: F2 L detectall frequent2-subgraphsin D
3: k L 3
4: while Fk M 1 NOQP do
5: Ck L fsg-genR Fk M 1 S
6: for each candidategk T Ck do
7: gk U count L 0
8: for each transactiont T D do
9: if candidategk is includedin transactiont then

10: gk U count L gk U countV 1
11: Fk LXW gk T Ck Y gk U count Z\[ D ]
12: k L k V 1
13: return F1 ^ F2 ^(U_U`Ua^ Fk M 2

Notation Description
D A datasetof graphtransactions
t A transactionof agraphin D

k-(sub)graph A (sub)graphwith k edges
gk A k-subgraph
Ck A setof candidateswith k edges
Fk A setof frequentk-subgraphs

Detailedexperimentalevaluationof FSG presentedin [14] showed that FSG was able to scaleto large graph
datasetsandlow supportvalues.Thekey to FSG’scomputationalscalabilityliesonahighly efficientgraphcanonical
labelingalgorithmthatit employs,whichallowsit to uniquelyidentify thevariousgeneratedsubgraphswithouthaving
to resortto computationallyexpensive graphandsubgraphisomorphism.Furthermore,FSG usesa TID-list based
approachfor frequency countingthatbesidesspeedingup thecountingof thesupportof thevarioussubgraphsit can
alsobeusedto computethefeature-basedrepresentationof eachcompoundin ourclassificationframework.

Even thoughFSG provides the generalfunctionality requiredto find all frequentlyoccurringsub-structuresin
chemicaldatasets,therearea numberof issuesthatneedto beaddressedbeforeit canbeappliedasa black-boxtools
for featurediscovery in thecontext of classification.Two of theseissuesareexploredin therestof thissection.

Handling Classes of Diff erent Sizes Theonly user-suppliedparameterin theFSG algorithmis thevalueof the
minimumsupportJ that is usedto pruneinfrequentpatterns.Theoverall successof theproposedapproachis highly
dependenton selectingthe right valuefor this parameter. If the minimum supportis settoo low, the computational
complexity of the frequentsubgraphdiscovery processwill increasesubstantially(in somecasesthe problemwill
becomeintractable)andwill leadto a large numberof frequentsubgraphs—potentiallyconfusingcertainclassesof
classificationalgorithms.On theotherhand,if theminimumsupportis settoo high, FSG mayunnecessarily prune
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somesubgraphsthathavegooddiscriminatingability andarecritical for thecorrectclassificationof thedataset.
Thesupportsensitivity becomesevenworsein thecasesin which thedatasetcontainclassesof significantlydiffer-

entsizes.In suchcases,in orderto ensurethatFSG is ableto find featuresthataremeaningfulfor all theclasses,it
mustusea supportthatdependson thesize ofthesmallerclass.Failureto do so,mayleadto a situationin which the
selectedsupportvalueis greaterthanthesize ofthesmallestclass.However, sucha low valueof supportwill most
likely generatea lot of poorsubgraphsfor thelargestclasses.

For this reasonwe first partition the completedataset,using the class labelof the examples,into specificclass
specificdatasets.We thenrun FSG on eachof theseclassdatasets. This partitioningof thedatasetensuresthatsuf-
ficient subgraphsarediscoveredfor thoseclasslabelswhich occurrarelyin thedataset.Next, we combinesubgraphs
discoveredfrom eachof theclassdataset. After this stepeachsubgraphhasa vectorthatcontainsthefrequency with
which it occursin eachclass.

Focusing on the Positive Class Traditionalclassificationproblemsassumethattherearewell-definedpositive
andnegativeclasses.However, in many probleminstancesinvolving chemicalcompoundsandtheir relationto certain
chemicalpropertiesandinteractions(e.g., toxicity, bindingstrength,etc.), thenegativeclassis not well-definedor we
do not havecompleteinformationaboutit. Furthermore,quiteofteninsteadof a binaryclassificationsystemwe have
acontinuoussystemindicatingthestrengthof thedesiredproperty.

In suchcases,a betterclassificationcanbeobtainedby usingtheFSG algorithmto find patternsonly in chemical
compoundsof the positive class,and ignore any patternsthat were found only in the negative class. Oncethese
subgraphshave beendiscovered,they canthenbeusedasfeaturesto describebothpositive andnegative instancesas
before.Themotivationbehindthis feature selectionapproachis thata structureoccurringonly in thenegative class
maynotnecessarilybeagoodindicatorof theabsenceof thedesiredproperty, andmayhaveoccurreddueto improper
samplingof thepositiveclass.Also, anadditionaladvantageof thispositive-onlysubgraphdiscovery, is thatit greatly
improvesthecomputationalcomplexity of our approachsincewe do not needto minethemuchlargersetof negative
instances.

3.2 Learning Classification Models

Giventhefrequentsubgraphsdiscoveredin thepreviousstep,ouralgorithmtreatseachof thesesubgraphsasafeature
andrepresentsthechemicalcompoundasa booleanvector. The i th entryof this vectorwill beoneif thecompound’s
graphcontainsthei th subgraph,otherwiseit will bezero.Thismappinginto thefeaturespaceof frequentsubgraphsis
performedbothfor thetrainingandthetestdataset2. Themappingof thetrainingsetcanpotentiallybedoneefficiently
by usingtheTID-lists for eachdiscoveredsubgraphthat is outputedby FSG. However, themappingof the testset
requiresthatwe checkeachfrequentsubgraphagainstthegraphof the testcompoundusingsubgraphisomorphism.
Fortunately, theoverall processcanbesubstantiallyspeededup by taking into accountthe frequentsubgraphlattice
thatis alsogeneratedby FSG. In thiscase,wetraversethelatticefrom top to bottomandonly visit thechild nodesof
asubgraphif thatsubgraphis isomorphicto thechemicalcompound.

Oncethe featurevectorsfor eachchemicalcompoundhave beenbuild, any oneof the existing classificational-
gorithmscanpotentiallybe usedfor classification.However, the characteristicsof the transformeddatasetandthe
natureof theclassificationproblemitself tendsto limit theapplicabilityof certainclassesof classificationalgorithms.
In particular, thetransformeddatasetwill mostlikely behigh dimensional,andsecond,it will besparse,in thesense
thateachcompoundwill haveonly a few of thesefeatures,andeachfeaturewill bepresentin only a few of thecom-
pounds.Moreover, in mostcasesthepositive classwill bemuchsmallerthanthenegative class,makingit unsuitable
for classifiersthatprimarily focusonoptimizingtheoverall classificationaccuracy.

In ourstudyweusedtwo classesof classificationalgorithms,oneusesclassificationrulesandtheotherusessupport
vectormachines,thatwebelievearewell-suitedfor operatingin suchsparseandhigh-dimensionaldatasetsandat the
sametime canbetunedto focuson thesmallpositive class.Thedetailsof thesealgorithmsandhow they wereused

2Notethatthefrequentsubgraphswereidentifiedby miningonly thegraphsof thechemicalcompoundsin thetrainingset.
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for theproblemof classifyingchemicalcompoundsaredescribedin therestof thissection.

3.2.1 Classification Rules

Our first classificationmethodusessingle featuresasClassificationRules(CR). The primary motivation for using
sucha simpleschemewasthe fact that (i) it allowedus toevaluatetheclassdiscriminatingability of thediscovered
frequentsubgraphs,and(ii) sucha schemehasbeenshown to bewell-suitedfor problemswith smallpositive classes
[12].

For eachfeaturei discoveredby FSG, we computeits confidenceto thepositive class,asfollows. Let nbi andnci
bethenumberof timesthe i th featureoccursin thetransactionsof thepositiveandnegativeclass,respectively. Then,
theconfidenceof the i th featureto thepositive classcbi is definedasnbi d 8 nbi e nci ; . Notethattheconfidencewill be
a numberbetweenzeroandone. A valueof zeromeansthat this featurenever occursin thepositive classwhereasa
valueof oneindicatesthatthis featureonly occursin thepositiveclass.

Now, for eachexample j in the test-setlet Sj be the setof featuresthat it supports.Now, our algorithmassigns
j to thepositive classbasedon theconfidenceto thepositive classof therulesin Sj . In particular, we implemented
two differentschemes.Thefirst schemeidentifiesthefeaturein Sj thathasthehighestconfidencein thepositiveclass
andassignsj to thepositive classaslong asthis maximumconfidenceis above acertainthreshold.Thetechniqueis
inspiredfrom Holte’s 1R methods[3]. Thesecondschemelooksat theaverageconfidenceof all the featuresin Sj ,
andagain assignsj to thepositiveclassif this averageconfidenceto thepositiveclassis above acertainthreshold.

Notethat thevalueof thethresholdcontrolstruepositive rateof theclassifierandshouldbechosendependingon
thecostmodelof theclassifier.

3.2.2 Suppor t Vector Machines

Supportvectormachinesis a state-of-the-artclassificationtechniquebasedon pioneeringwork doneby Vapniketal,
[18]. Thisalgorithmis introducedto solvetwo-class patternrecognitionproblemsusingtheStructuralRiskMinimiza-
tion principle[18]. Givena trainingsetin avectorspace,thismethodfindsthebestdecisionhyperplanethatseparates
two classes.Thequality of a decisionhyperplaneis determinedby thedistance(referredasmargin) betweentwo hy-
perplanesthatareparallelto thedecisionhyperplaneandtouchtheclosestdatapointsof eachclass.Thebestdecision
hyperplaneis theonewith themaximummargin. By definingthehyperplanein this fashion,SVM is ableto generalize
to unseeninstancesquiteeffectively. TheSVM problemcanbesolvedusingquadraticprogrammingtechniques[18].
SVM extendsits applicabilityon the linearly non-separabledatasetsby eitherusingsoft margin hyperplanes,or by
mappingtheoriginaldatavectorsinto ahigherdimensionalspacein which thedatapointsarelinearly separable.The
mappingto higherdimensionalspacesis doneusingappropriatekernelfunctions,resultingin efficient algorithms.A
new exampleis classifiedby representingthepoint thefeaturespaceandcomputingits distancefrom thehyperplane.

One of the advantagesof using SVM is that it allows us to directly control the cost associatedwith the miss-
classificationof examplesfrom the different classes[15]. This allow us to associatea higher cost for the miss-
classificationof positive instances;thus,biasingtheclassifierto learna modelthat tries to increasethe true-positive
rate,at theexpenseof increasingthefalsepositive rate.

4 Experimental Evaluation

In thissectionweexperimentallyevaluateourapproachfor classifyingchemicalcompoundson twopublicly available
chemicalcompounddatasets.

Toxicology Dataset (PTC) This datasetwasfirst usedasa part of the Predictive Toxicology EvaluationChal-
lenge[17] which was organizedasa part ofPKDD/ECML 2001Conference3. It containsdatapublishedby theU.S.
NationalInstitutefor EnvironmentalHealthSciences,thedataconsistsof bio-assaysof differentchemicalcompounds
onrodentsto studythecarcinogenicity(cancerinducing)propertiesof thecompounds[17]. Thegoalbeingto estimate

3http fhg,g,ijiki U i nf or mati k U uni l f r ei bur gU deg ml g ptcg
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thecarcinogenicityof differentcompoundson humans.Eachcompoundis evaluatedon four kindsof laboratoryani-
mals(maleMice, femaleMice, maleRats,femaleRats), andis assignedfour classlabelseachindicatingthetoxicity
of thecompoundfor thatanimal.Therearefour classificationproblemsonecorrespondingto eachof therodentsand
will bereferredasMM, FM, MR andFR.

AIDS Dataset Theseconddatasetis obtainedfrom theNationalCancerInstitute’s DTP AIDS Anti-viral Screen
program[8, 13] 4. Eachcompoundin thedatasetis evaluatedfor evidenceof anti-HIV activity. Thescreenutilizesa
solubleformazanassayto measureprotectionof humanCEM cells from HIV-1 infection [20]. Compoundsableto
provide at least50% protectionto the CEM cells werere-tested.Compoundsthat provided at least50% protection
onretestwerelistedasmoderatelyactive(CM, confirmedmoderatelyactive). Compoundsthatreproduciblyprovided
100%protectionwerelisted asconfirmedactive(CA). Compoundsneitheractive nor moderatelyactive werelisted
asconfirmedinactive(CI). We have formulatedthreeclassificationproblemson this dataset,in thefirst problemwe
consideronly confirmedactive(CA) andmoderatelyactive(CM) compoundsandthenbuild a classifierto separate
thesetwo compounds;thisproblemis referredasCA/CM. For thesecondproblemwecombinemoderatelyactive(CM)
andconfirmedactive(CA) compoundsto form onesetof activecompounds,wethenbuild aclassifierto separatethese
activeandconfirmedinactivecompounds;this problemis referredas(CA+CM)/CI. In the lastproblemwe only use
confirmedactive(CA) andconfirmedinactivecompoundsandbuild a classifierto categorizethesetwo compounds;
thisproblemis referredasCA/CI.

Dataset characteristics Table1 displayssomeimportantcharacteristicsof thesetwo datasets.It is worthnoting
that DTP-AIDSis an extremelylarge datasetcontainingwell over 40,000compounds,with eachcompoundhaving
on an average45 vertices.The right handsideof the tabledisplaysthe classdistribution for differentclassification
problems,for eachproblemthetabledisplaysthepercentageof positiveclassfoundin thedatasetfor thatclassification
problem.

mon�p�q ���
: r��,+-��*(�.+3������$&���6+-��$s� *6+-� ��*
Toxic Aids ClassDist. (% +veclass)

Numberof compounds 417 42,687 Toxicology
Avg. Numberof vertices 25 46 Male Mice 38.3%
Avg. Numberof edges 26 48 FemaleMice 40.9%
Numbervertex labels 24 85 Male Rats 44.2%
Numberedgelabels 4 3 FemaleRats 34.4%
Max. Numbervertices 106 438 DTP AIDS
Min. Numbervertices 2 2 CA/CM 28.1%

(CA+CM)/CI 3.5%
CA/CI 1.0%

Evaluation Methodology Sincetheclassificationproblemon boththedatasetis costsensitive i.e., themisclas-
sificationcostfor eachclass labelcouldbedifferent,usingaccuracy to judgea classifierwould be incorrect.To get
a betterunderstandingof the classifierperformancefor differentcostsettingswe plot the ROC curve [16] for each
classifier. ROC curve plots the falsepositive rate(X axis) versusthe true positive rate(Y axis) of a classier;it dis-
playstheperformanceof theclassifierwithout regardto classdistribution or errorcost.Two classifiersarecompared
by comparingtheir ROC curves,if theROC curve of oneclassifiercompletelysubsumestheotherROC curve, then
that classifierhassuperiorperformancefor any costmodelof the problem. Anotherqualitative way to comparethe
performanceis to comparetheareaundertheROC curve for eachclassifier. Sinceit is infeasibleto plot ROC curves
for all theclassifierswe tabulatetheareaunderthecurve for eachexperimentandwhereverpossibledisplaytheROC
curve for theclassifier.

4http://dtp.nci.nih.gov/docs/aids/aidsdata.html
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(a) Male Mice ROC for SVM & Rule Classifier
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(b) Female Mice ROC for SVM and Rule Classifier
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(c) MaleRats ROC for SVM & Rule Classifier

0.0
t
0.2
t
0.4
t0.6
t
0.8
t
1.0

0.0
t

0.2
t

0.4
t

0.6
t

0.8
t

1.0

Cost=1.0
u

Cost=3.0
u

Rules-max Rules-avg

(d) Female Rats ROC for SVM & Rule Classifier
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4.1 Evaluation on Toxicology Dataset

In thissectionweconductthreesetsof experimentson theToxicologydataset.For eachsetof experimentsweusethe
two classifiers,SVM andclassificationrulesfor evaluatingtheperformance.

Varying the Misc lassification Cost Thefirst setof experimentswereconductedby changingthe misclassifi-
cationcost in the SVM classifierso asto associatehighermisclassificationcost for incorrectlyclassifyingpositive
examples.Theresultsof theexperimentsusingSVM andclassificationrulesclassifieraredisplayedin Table2. Each
cell in thetableindicatestheareaundertheROC curve for thatclassifierandmisclassificationcostvalue.Theactual
ROCcurvesfor someclassifiersareplottedin Figure3.

mon�p�q ��E
: w���*�4� +-*%0�!k+/�����a0���� ��0� 0��.5�r{�.+-��*��.+

SupportVectorMachines
Mis. Cost MM FM MR FR
1.0 0.6992 0.6729 0.5650 0.5170
1.5 0.7333 0.7073 0.4956 0.5147
2.0 0.7528 0.7206 0.4833 0.5199
3.0 0.7723 0.7103 0.4883 0.5108
4.0 0.7590 0.6763 0.4860 0.5537
5.0 0.7314 0.6640 0.4887 0.5747
ClassificationRules
OrderCrit. MM FM MR FR
Max. Conf. 0.4242 0.4343 0.5071 0.4869
Avg. Conf. 0.3634 0.3847 0.5586 0.5771

From the resultswe seethat the misclassificationcostparameterdoesinfluencethe performanceof the classifier
(areaunderthe curve). However the optimal misclassificationcost that achievesmaximumareaunderthe curve is
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differentfor eachclassificationproblem.This couldbeexplainedby thedifferencesin theclassdistribution for each
of thefour classificationproblems.Also, if wecomparetheperformanceof SVM with theclassificationrulesclassifier,
weobservethatSVM outperformsclassificationrulesonmaleMiceandfemaleMicedataset,andachievescomparable
performancefor themaleRatsandfemaleRatsdataset.

Suppor t Sensitivity We performeda setof experimentsto evaluatethe sensitivity of the proposedapproaches
on the value of supportthreshold( J ) usedto find frequentstructures. We experimentedwith supportthresholds
of 3 � 0%: 5 � 0%: 7 � 0%and10� 0%. Theseresultsfor the SVM andthe classificationrule basedschemesareshown in
Table3. ThevariousSVM resultswereobtainedusinga singlemisclassificationcostvalueof 3 � 0.

m�n�p�q ��v
: ��4�'�'�0�$ +3����!�*�� +-� |�� + 5�0�!���0���� �(0� 0��,5�r��.+/��*��,+

Classifier SupportThreshold= 3.0%
MM FM MR FR

SVM 0.7520 0.6649 0.5253 0.5848
CR Max. Conf. 0.6428 0.5459 0.4985 0.4734
CR Avg. Conf. 0.6486 0.5928 0.4828 0.5129
Classifier SupportThreshold= 5.0%

MM FM MR FR
SVM 0.7723 0.7103 0.4883 0.5108
CR Max. Conf. 0.4242 0.4343 0.5071 0.4869
CR Avg. Conf. 0.3634 0.3847 0.5586 0.5771
Classifier SupportThreshold= 7.0%

MM FM MR FR
SVM 0.7516 0.7264 0.5260 0.4900
CR Max. Conf. 0.4000 0.4479 0.5079 0.4785
CR Avg. Conf. 0.3541 0.3663 0.5595 0.5876
Classifier SupportThreshold= 10.0%

MM FM MR FR
SVM 0.7124 0.5827 0.5887 0.4657
CR Max. Conf. 0.4404 0.5403 0.5032 0.5166
CR Avg. Conf. 0.3476 0.4386 0.5396 0.5646

The performanceof all the classifiersis significantly influencedby the supportthresholdusedduring frequent
subgraphgeneration.However, therelationshipis notuniformacrossthedifferentclassificationproblems.Weobserve
that on femaleRatsclassificationproblemwe get betterperformanceat lower valuesof supportthreshold,whereas
theperformanceon themaleRatsproblemimproves asthevalueof supportthresholdis increased.This variationin
performanceof differentclassificationmodelsis in line with theobservationsmadein [17]. This behavior suggests
thata moresophisticatedfeatureselectionstrategy, insteadof usingthesupportthresholdto selectfeatures,will lead
to evenbetterperformance.

Focusing on Positive Class Most of thechemicalstructuredatasetshave askewedclassdistribution with very
few examplesfrom thepositiveclass.Oneway to increasetheimportanceto featuresbelongingto positive classis to
run theFSGalgorithmonly on theexampleof positiveclass,asoutlinedin Section3.1.Sincetherearefewerpositive
classexamples,focusingonly on thepositive classdrasticallycutsdown thetime requiredto build theclassifier. The
resultsof our experimentsareshow in Table4. We experimentedwith differentsupportthresholdswhile keeping
misclassificationcostfixedat3 � 0.

The differencein performance,whensubgraphsare discoveredonly in the positive classversuswhen they are
discoveredin thewholedataset,is verysmallfor SVM & maximumconfidenceruleclassifiers.However, theaverage
confidencerule classifierdisplayssomeimprovement.

Comparison with Predictive Toxicology Challeng e Contestants Figure4 comparesthe performanceof
ourclassifierswith thosesubmittedby thePTCcontestants.Eachplot contains containsonecurve for SVM classifier,
two curves for the ClassificationRulesclassifierandaboutthirty points, eachpoint representingthe classification
modelsubmittedby contestantsof thePredictive ToxicologyChallenge.

Observingtheplotswe candeducethaton maleMice andfemaleMice problemsour SVM classifieris superiorto
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mon�p�q ���
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Classifier SupportThreshold= 5.0%
MM FM MR FR

SVM 0.7505 0.7130 0.5055 0.4851
CR Max. Conf. 0.4260 0.4300 0.5052 0.4873
CR Avg. Conf. 0.3952 0.3897 0.5665 0.6002
Classifier SupportThreshold= 7.0%

MM FM MR FR
SVM 0.7115 0.7327 0.5219 0.4787
CR Max. Conf. 0.4010 0.4469 0.5070 0.4783
CR Avg. Conf. 0.3915 0.3796 0.5749 0.6080
Classifier SupportThreshold= 10.0%

MM FM MR FR
SVM 0.6776 0.5670 0.5334 0.4995
CR Max. Conf. 0.4462 0.5397 0.5044 0.5166
CR Avg. Conf. 0.3970 0.4960 0.5469 0.5502

all theclassifiersubmittedby thecontestants,ontheotherhandfor maleRatsandfemaleRatsclassificationproblemsa
handfulof contestantshavetheirROCpointsoutsideourROCcurve. It shouldbenotedthatourclassificationscheme
is basedsolely on the featuresobtainedfrom chemicalstructureanddoesnot make useof any additionaldomain
specificfeaturesthatcanonly improve theperformance.

4.2 Evaluation on the DTP-AIDS Dataset

Table5 displaystheresultsof our two classifierontheDTP-AIDSdataset.Sincetheclassdistributionfor thetwo clas-
sificationproblemsontheAIDS datasetis quitedifferentwehave experimentedwith differentsetsof misclassification
costsfor eachdataset.Figure5 displaystheROC curve for someof theclassifiersshown in Table5.

mon�p�q ���
: w���*(4� +-*�0�!�+-����ro�{��� ��� r{��r��.+-��*��.+

SupportVectorMachines
Mis. Cost CA/CM Mis. Cost (CA+CM)/CI Mis. Cost CA/CI
1.0 0.7740 1.0 0.7420 1.0 0.86831
1.5 0.7802 1.5 0.7504 1.5 0.86761
2.0 0.7860 15.0 0.7864 15.0 0.90233
2.5 0.7816 35.0 0.7783 35.0 0.90972
3.0 0.7841 50.0 0.7731 50.0 0.91220
15.0 0.7566 100.0 0.7468 100.0 0.91379
ClassificationRules
OrderCrit. CA/CM OrderCrit. (CA+CM)/CI OrderCrit. CA/CI
Max. Conf. 0.6702 Max. Conf. 0.6310 Max. Conf. 0.69735
Avg. Conf. 0.6611 Avg. Conf. 0.6017 Avg. Conf. 0.67681

We find that the resultsof the SVM classifieron the AIDS datasetare significantly better that thoseobtained
by the ClassificationRulesscheme.The misclassificationcostparameterusedin SVM classifierdoesinfluencethe
performanceof the classifier, especiallythe shapeof the ROC curve; with eachproblemhaving a differentoptimal
valueof themisclassificationcost. Comparingtheperformanceacrossthethreeclassificationproblems,we find that
theperformanceon theCA/CI problemis betterthanperformanceon theproblemsCA/CMandCA+CM/CI.

High Confidence Subgraphs We now presentfrequentsubgraphsthat have high confidenceon the positive
class.Figure6 displaysthetop 5 highestconfidencesubgraphsdiscoveredfor threeclassificationproblemsCA/CM,
(CA+CM)/CI andCA/CI.

5 Conc lusion & Future Work

In this paperwe presentan automatedschemefor classifyingchemicalcompounds.The highlightsof our scheme
arethat it requiresvery little domainknowledgeandcaneasilyhandlelargechemicalcompounddatasets.We have
evaluatedour schemeon two datasetsandwe show that for someclassificationproblemsour classifieroutperforms
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(a) ROC Curve for Male Mice

0
�

0.2
�
0.4
�
0.6
�
0.8
�

1

0
�

0.2
�

0.4
�

0.6
�

0.8
�

1

Cost=2.0
�

Rules-max Rules-avg PTC

(b) ROC Curve for Female Mice
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(c) ROC Curve for Male Rats
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(d) ROC Curve for Female Rats
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thecontestantsof PredictiveToxicologyChallenge.

We feel thatsincetheperformanceof theclassifiervariesa lot with respectto thesupportthreshold,andto some
extent how frequentsubgraphsarediscovered,a sophisticatedfeatureselectionschemecan leadto substantialim-
provementsin the performance.Anotherway to improve the performanceof the classifieris to extendthe feature
spacewith well known non-graphicalfeatures.
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